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Summary
Background Chlamydia trachomatis is the most commonly reported infectious disease in
the United States and causes important reproductive morbidity in women. The Centers
for Disease Control and Prevention have recommended routine screening of sexually ac-
tive women under age 25 but have not recommended screening among men. Consequently,
untested and untreated men may serve as a reservoir of infection in women. Despite three
decades of screening women, the chlamydia prevalence has continued to increase. Moreover,
chlamydia is five times more common in African American (AA) youth compared to Whites,
constituting an important health disparity.
Methods The Check It program is a bundled Ct intervention targeting AA men aged 15-
24 who have sex with women. We created an individual-based network model to simulate
a realistic chlamydia epidemic on sexual contact networks for the target population. Based
on the practice in Check It, we quantified the impact of screening young AA men on the
chlamydia prevalence in women.
Findings We used sensitivity analysis to quantify the relative importance of each Check
It intervention component, and the significance ranked from high to low was venue-based
screening, expedited index treatment, expedited partner treatment, rescreening. We esti-
mated that by annually screening 7·5% of the target male population, the chlamydia preva-
lence would be reduced by 8·1% and 8·8% in men and women, respectively.
Interpretation The findings suggested that male-screening has the potential to signifi-
cantly reduce the prevalence among women.
Funding National Institutes of Health, National Institute of Child Health and Human
Development, Tulane University.
Email addresses: zqu1@tulane.edu (Zhuolin Qu), soodeh.azizi@gmail.com (Asma Azizi),
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RESEARCH IN CONTEXT
Evidence before this study
Chlamydia trachomatis is the most commonly reported infectious disease in the US.
Women more commonly experience severe sequelae, such as infertility, pelvic inflammatory
disease, and ectopic pregnancy. For three decades, the Centers for Disease Control and
Prevention (CDC) have recommended routine screening of sexually active women < 25
years old, together with providing her and her partner(s) with treatment and rescreening,
as part of preventive healthcare. However, the prevalence has continued to rise. In 2018,
there were about 1·8 million cases reported to the CDC, and the rate has increased by 19%
since 2014. Recommendations of routine screening don’t exist for men in the US, who may
serve as a reservoir of infection in women, and few efforts have been made to evaluate the
potential impact of male-screening on prevalence in women.
Most chlamydia simulation studies use differential equation-based compartmental mod-
els. These models cannot capture the complex assortative mixing in sexual partnership
networks. The structure of the sexual network affects the spread of the infection and the
effectiveness of the mitigation efforts.
Added value of this study
Our stochastic, heterosexual, and individual-based model provided a framework for a
public health team to answer “what if” questions that are hard to address in the field.
Our model simulated the spread of chlamydia through dynamic sexual networks that were
embedded in a social contact network. The sexual networks were generated from survey data
sets and captured the sexual behaviour among an assortative mixing population in New
Orleans. We first simulated the current chlamydia epidemic under the baseline healthcare
interventions, including routine screening in women and treatment for symptomatic cases in
men and women during clinic visits. We then assessed the impact of a new male-screening
bundled strategy, including expedited index treatment, expedited partner treatment, and
rescreening, on the current chlamydia prevalence in women. To our knowledge, our study
is the first modelling analysis to investigate this intervention strategy in this population
cohort.
Implications of all the available evidence
Our modelling study confirmed that the present screening activities for women alone
cannot control the current chlamydia epidemic. The results suggested that adding the male-
screening with the expedited index and partner treatment has the potential to significantly
reduce the chlamydia prevalence among women. Our findings also show that expedited
partner treatment becomes more effective in reducing the chlamydia prevalence in women
as the coverage of male-screening increases.
nschmid1@tulane.edu (Norine Schmidt), mcraigkuhn@tulane.edu (Megan Clare Craig-Kuhn),
cfstoecker@tulane.edu (Charles Stoecker), mhyman@tulane.edu (James M Hyman),
kissing@tulane.edu (Patricia J Kissinger)
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1. INTRODUCTION
1.1. Chlamydia and current screening policy
Chlamydia trachomatis (Ct) is the most commonly reported infectious disease in the US,
with about 1·8 million cases each year1. It is a major cause of infertility, pelvic inflammatory
disease, and ectopic pregnancy among women2 and has been associated with increased HIV
acquisition3. Because women experience the most severe sequelae, the focus of Ct prevention
in the US has been on screening sexually active women < 25 years old, providing her and
her partner(s) with treatment and rescreening.
There is no recommendation for Ct screening among men in the US. In 2007, an expert
panel at the Centers for Disease Control and Prevention (CDC) concluded that the evidence
is not sufficient to recommend routine screening for Ct in sexually active young men4. The
conclusion was based on the Ct prevalence in 2007 and the feasibility, efficacy, and cost-
effectiveness of screening men. However, since then, evidence of the benefit of screening
young men for Ct in high prevalence areas has been mounting. More recent studies show
that screening men can be cost-effective5 and significantly reduce Ct prevalence in women6.
1.2. Check It program and intervention strategies
The community-based program “Check It”7 targets African American (AA) men aged 15-
24 in New Orleans. The core of this intervention is Ct screening for men, and we hypothesise
that men are an important reservoir of infection for women and need to be targeted for
intervention7. The Check It program bundles several key Ct prevention strategies:
- Venue-based screening (VBS) by recruiting participants at non-clinical community
venues, such as barbershops, colleges, and universities, in high-prevalence neighbour-
hoods characterised by similar demographic and geographic factors. This venue-based
enrolment is enhanced with marketing strategies, such as the distribution of flyers,
web education, social media, and informational cards.
- Expedited treatment by providing treatments for the Ct+ men (or index) (expedited
index treatment or EIT) and his sexual partner(s) (EPT) via partnering community
pharmacies without a medical examination to speed up treating his sexual partners
and reduce reinfection rates in the index.
- Rescreening, where Ct+ men are retested for infection three months after treatment.
- Social network peer referral (SNPR) that encourages men to refer young AA men in
their social network to Check It via flyers, social media, or text messages to promote
the program and increase the total enrolment.
1.3. Mathematical modelling
Mathematical models create frameworks for understanding the underlying epidemiology
of disease and help test the potential effectiveness of different approaches to bring the epi-
demic under control. Our modelling effort created a detailed simulation to model the specific
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practices implemented by Check It program. The model predicted the impact of Check It
on mitigating the Ct epidemic among AA women by screening young AA men at different
intervention intensities.
2. METHODS
We used a stochastic agent-based model to simulate the transmission of Ct among the
15-24-year-old AA New Orleans population and quantify the impact of the Check It program
on the Ct prevalence in women.
We first generated dynamic heterosexual networks of a synthetic population, which were
embedded in a grand social contact network (section 2.1). We then modelled the Ct trans-
mission pathways through these sexual networks (section 2.2). The model kept track of the
infection status and sexual behaviour for each individual in the population. The generated
dynamic sexual networks are based on the data from two survey studies7,8 that investigated
the sexual behaviour of the men and women targeted for the study.
We then modelled the intervention strategies, including both the standard preventive
healthcare for women and the Check It intervention (section 2.3), for each individual to
study the impact of male-screening on the Ct prevalence in women.
2.1. Generation of a synthetic population over dynamic sexual networks
Similar to the approach in Azizi et al. 9 , we constructed a closed 5000-member syn-
thetic population, where the heterosexual partnerships were represented by bipartite sexual
networks. The heterosexual networks reflected the assortative mixing pattern among our
targeted population by matching the population-level quantities from two surveys in New
Orleans: the ongoing Check It study7 and the “You Geaux Girl!” (YGG) study8, which
enrolled 1318 AA men (as of April 2019, age-range 15-24) and 649 AA women (age range
18-19), respectively.
We categorised one’s partner into either a primary partner or a casual partner. The
distributions of primary and casual partnerships were based on the survey answers (detailed
criteria in appendix A.1.2). These heterosexual partnerships can be asymmetric: A is B’s
primary partner, but B may be A’s casual partner. Thus, this approach results in three types
of partnerships: primary-primary, primary-casual, and casual-casual partnership.
When modelling the epidemics over a long time, we updated the sexual partner(s) every
two months (the time-frame covered by the Check It survey). This created a series of dynamic
sexual networks. To simulate a realistic partner updating behaviour, these sexual networks
are embedded in a grand social contact network for 150,000 people in New Orleans generated
by the Simfrastructure agent-based modelling and simulation system10. During the updating
process, the primary-primary partnerships were preserved throughout the simulations, and
we updated one’s casual sexual partner(s) through his/her social connections in the closed
5000 synthetic population. Specifically, half of the primary-casual and all the casual-casual
partnerships are replaced by one’s social contacts from the background social network every
two months. Overall, we maintained the same 5000 population, and approximately 80% of
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the partnerships were from one’s heterosexual social network, in agreement with the Check
It data.
We give additional details on the generation of the dynamic sexual networks embedded
in the social network in appendix A.1.
2.2. Chlamydia epidemic on dynamic sexual networks
We modelled the infection status of each individual using the Susceptible-Infectious-
Susceptible (SIS) framework. All uninfected individuals are susceptible to being infected,
and all infected people recover to this susceptible state after either spontaneous recovery or
treatment. A susceptible individual can be infected by his/her infectious partner. The force
of infection is the probability (per day) that a susceptible will be infected. This probability
was estimated by considering risk factors of how many partners the person has, the type of
partnership with each partner, the probability of having sexual contact per partner per day,
and the probability of using a condom.
We estimated the sexual contact rates for the primary and casual partnerships from the
datasets (table A.3). We observed that the contact rate was higher for primary partnerships
than for casual partnerships, and there was a decreasing trend in the per partner contact rate
when the number of partners increases. Moreover, the datasets gave a higher probability of
using a condom with a casual partner than with the primary one (table 2.1). We introduced
a condom failure rate to include cases when the condom is not used properly.
The details on the model configuration are fully described in appendix A.2.
2.3. Modelling the intervention strategies
Our goal is to investigate the net impact of screening men through the Check It program
given the existing screening policy for women and the ongoing endemic Ct epidemic. To this
end, we outlined the intervention strategies for both women and men in separate flow charts
in fig. 2.1. We used solid lines to illustrate the Check It intervention approaches and the
dashed lines to represent the current healthcare interventions. The baseline scenario accounts
for the Ct screenings completed at women’s annual exams as part of regular preventive
healthcare. We also included the Ct screenings prompted by symptomatic infections (clinical
visits) in the baseline scenario for both men and women.
2.3.1. Existing intervention strategies
The current (baseline) Ct mitigation efforts for women (the right side of fig. 2.1) include
Ct screening during the routine annual exams and clinical visits for symptomatic infections.
The model assumed that the same fraction (σwa ) of women return for a physical exam each
year. Symptoms can appear in a small fraction of infected women (σws ), and we assumed
that a fraction θs of these women get medical care within an average of τs days, including
incubation period and appointment scheduling process, after infection11. After the diagnos-
tic test, we assumed that all the positive cases get index treatment in an average of τwt days.
Moreover, the CDC recommends doing EPT for the infected women by providing treatment
to the patient to bring to her partner(s) without first examining the partner(s)12. We as-
sumed that a fraction θwp of the partners are treated with an average delay of τ
w
p days. The
5
EPT fraction θwp is the product of (1) the fraction of the physicians practising the EPT as
recommended and (2) the fraction of compliance from the notified partners. Last, women
diagnosed with the Ct infection should be retested after the initial treatment13. Thus, we
assumed a fraction θwr of treated women are retested for infection τ
w
r days after the initial
treatment.
Since routine male-screening is not recommended and is rarely practiced14, we only
account for screenings prompted from symptomatic infections. Similar to the process in
women, we assumed that there are a small fraction (σms ) of infected men that develop
symptomatic Ct infections, and, with a delay of τs days, a fraction θs of them get screening
and treatment. Moreover, follow-up interventions, such as partner treatment or rescreening
after the index treatment, are hardly implemented in clinics for men14. Therefore, follow-up
interventions for men were not included in the model.
2.3.2. Check It intervention strategies
The Check It program recruited participants in community venues, including community
colleges, historically black colleges and universities, barbershops, and other community-
based organisations. This venue-based enrolment is enhanced with the marketing strategies
(distribution of flyers, web education, social media, and informational cards) and enrols a
fraction σme of the target male population for Ct screenings.
Among this venue-based enrolment, some participants learn about the program through
their social networks, such as text messages and information cards sent by friends or word-of-
mouth. We combined such peer impact as an SNPR and included it as a source of enrolment.
On average, the proportion between the non-peer enrolled men and peer-recruited men is
1 : ρ, and we assumed that peer-referred men are enrolled in the program with an average
delay of τmn days.
We modelled the non-peer enrolment process as a random sampling from the entire male
population. Meanwhile, we modelled the peer-referred enrolment (SNPR) by searching the
background social network of each non-peer enrolled man and randomly sampling among
the eligible candidates.
The rest of the intervention practice was modelled similarly to women’s case: a fraction
θmt of the screened and infected men receive EIT after a delay of τ
m
t days. A fraction θ
m
p
of these men’s partners receive EPT with a delay of τmp days. Finally, a fraction θ
m
r of the
index men return for rescreening τmr days after the initial infection. If the rescreened men
are infected with Ct, then they are treated as index cases, and the intervention process is
repeated.
The appendix A.2 and appendix A.4 provide more details on the modelling.
2.4. Model calibration and parameters
We distributed the initial infections in the population consistent with the distribution
of an emerging epidemic. We obtained this quasi-steady-state balanced initial condition
by starting a small epidemic in the past and letting it grow to the current (pre-Check
It) Ct endemic state (see appendix A.3). This initialization process considered the existing
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(baseline) combination of Ct interventions (dashed routes in fig. 2.1) to give a comprehensive
approximation of the current Ct control before the launch of Check It.
The model parameters used in the simulations (table 2.1) represent our best knowledge
of the current epidemic. The parameters for the Ct transmission probabilities per sexual
contact between men and women (βm2w and βw2m) are only known with large uncertainty.
We used these as tuning parameters to calibrate the model so that the initial balanced
condition matched the current Ct prevalence in New Orleans among the target population
(10·2% in men and 13·5% in women among 15-24-year-old AA young adults15).
Approximately half of the Ct infections are cleared naturally by the first year after being
infected and 80% are cleared after two years. We fitted an exponential distribution for the
average time of natural recovery τn days to the data from Molano et al.
16 . We assumed the
recovery time with treatment also follows an exponential distribution τt ∼ exp(1/7) in days.
2.5. Sensitivity analysis
The model parameters in table 2.1 represent the best-guess estimates for practical sce-
narios, and we used sensitivity analysis to quantify the most significant model parameters17.
To check the impact of each component of the Check It intervention bundle one-at-a-time,
we varied each intervention parameter (the parameter of interest or POI), while fixing the
other parameters. We then checked its corresponding impact on the Ct prevalence for women,
men, and the overall population (the quantities of interest or QOIs).
We defined the normalised relative sensitivity index (SI) of a QOI, q(p), with respect to
the POI, p, as Sqp = p/q × ∂q/∂p. This SI, S
q
p , measures the percentage change in the QOI
given the percentage change in an input POI. If parameter p changes by x%, then quantity
q changes by Sqp × x%.
To further investigate the synergistic effect of the intervention components beyond the
current levels, which could be limited by the protocols and available resources of Check It,
we conducted the global sensitivity analysis by varying two intervention parameters together
while fixing all other parameters. We then predicted the impact under different combinations
of intervention parameters.
2.6. Role of the funding source
The funders had no role in study design, data collection, data analysis, data interpreta-
tion, or writing of the report. The corresponding author had full access to all the data in
the study and had final responsibility for the decision to submit for publication.
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Figure 2.1: Flowchart for Ct intervention strategies in men and women. The solid lines are the Check It intervention approaches, and the
dashed lines are the existing interventions implemented in the healthcare system before the Check It program. These current interventions
include women’s annual screening and screenings prompted by symptomatic infections in both men and women. Our modelling effort examined
the net impact of adding the Check It program to help control the Ct epidemic. The Check It program targets the male population and uses
venue-based enrolment, expedited index treatment (EIT), expedited partner treatment (EPT), rescreening, and social network peer referral
(SNPR).
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Description Base. Range Reference
βm2w Transmissibility from men to women per contact 0·30 0·04 - 0·5*
Kretzschmar et al. 18 ,
Turner et al. 19
βw2m Transmissibility from women to men per contact 0·10 0·04 - 0·25*
Kretzschmar et al. 18 ,
Turner et al. 19
τn Average time to recovery without treatment (years) 1·32 exponential Molano et al.
16
τt Average time to recovery after treatment (days) 7 exponential Martin et al.
20
cp Fraction of condom use for primary partners 0·54 ·· Check It
7
cc Fraction of condom use for casual partners 0·66 ·· Check It
7
cǫ Condom failure rate 0·1 ·· Trussell
21
θs Fraction of symptomatic infections screened 0·7 0·6 - 0·8 Farley et al.
11
τs Time lag in screening for symptomatic infection (days) 21 14 - 28 CDC
22
Women’s intervention parameters
σwa Fraction of the target women who are screened annually 0·6 0·56 - 0·65
Wiehe et al. 23 ,
Hoover et al. 24
σws Fraction of symptomatic infection in women 0·3 ·· Farley et al.
11
θwp Fraction of partner treatment for index women 0·24 ·· Derived
- Fraction of physicians practicing partner treatment 0·4 0·3 - 0·5 Hogben et al. 25
- Fraction of compliance for partner treatment 0·6 0·4 - 0·8
Golden et al. 26 ,
Schillinger et al. 27
θwr Fraction of treated women who are rescreened 0·2 0·17 - 0·28 Xu et al.
28
τwt Time lag in treatment for screened women (days) 2 ·· RelayHealth
29
τwp Time lag in partner treatment for treated women (days) 6 0 - 15 Golden et al.
26
τwr Time lag in rescreening for treated women (days) 105 80 - 130 CDC
13, Xu et al. 28
Men’s intervention parameters
σme Fraction of target population enrolled per year 0·075 ·· Check It
7
- Fraction of non-peer VBS-enrolment 0·76 ·· Check It7
- Fraction of SNPR enrolment 0·24 ·· Check It7
ρ Number of peer-recruited men per VBS-enrolled man 0·32 ·· Derived
σms Fraction of symptomatic Ct infection in men 0·11 ·· Farley et al.
11
θmt Fraction of screened positive men treated (EIT) 0·76 0·1 - 0·9 Check It
7
θmp Fraction of partner treatment for index men (EPT) 0·27 0·1 - 0·9 Check It
7
θmr Fraction of treated men with rescreening (%) 0·08 0·1 - 0·9 Check It
7
τmt Time lag in treatment for screened men (days) 12 ·· Check It
7
τmn Time lag in screening for men enrolled via SNPR (days) 7 ·· Assume
τmp Time lag in partner treatment for treated men (days) 2 ·· Check It
7
τmr Time lag in rescreening for treated men (days) 102 ·· Check It
7
Table 2.1: Model parameters.
* Values come from mathematical modelling papers where the transmission rates were estimated by least
square fitting to the corresponding Ct prevalence data (10·2% in men, 13·5% in women).
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3. RESULTS
3.1. Impact of Check It at existing intervention level
We quantified the impact of Check It mitigation at the current level of intervention
intensity (shown in table 2.1). Figure 3.2 shows the change in Ct prevalence in both men and
women after the launch of the Check It screening for men at year zero with a balanced initial
condition (appendix A.3). With the male-screening Check It intervention, the Ct epidemic
is controlled at a much lower prevalence. In fact, near the quasi-steady state (around year
Figure 3.2: Impact of male-screening program Check It at the existing intervention level. The Check It
program starts at year zero, where the baseline Ct prevalence are 13·5% and 10·2% in women and men,
respectively. Around year five, the Ct prevalence reach quasi-steady states, 12·4% and 9·3% in women and
men, respectively. Thus, prevalence are reduced by 8·1% and 8·8% in women and men, respectively. The
curves are the averages of 50 stochastic simulations.
five in fig. 3.2), our model predicts the following annual statistics from the program. Here
shown with modelling scale followed by the target population in New Orleans in parentheses.
The modelling scale is 5000 people, including 2304 men and 2696 women, and the target
population (age range 15-24, sexually active) in New Orleans is 29,600 people, including
16,181 men and 13,419 women:
- Each year, the program conducts in total 175 (1229) screenings, including 42 (295)
from peer-recruited participants, and achieves 12 (84) treatments for index men (EIT)
and 8 (56) treatment for partners of men (EPT).
- Among all the screened men found to be Ct+, the average number of partners within
the past two months is 2·32 (median = 2).
- Compared to the scenario without Check It, the program prevents 13 (91) cases in
men and 41 (204) cases in women per year.
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- Roughly, for each man screened, it could prevent 0·08 case in men and 0·23 case in
women.
3.2. Significance of the components of the intervention
The sensitivity analysis identified the significant components in the intervention program.
In the results presented below, we have considered the QOI to be q = Ct prevalence and
omit the upper index for the simplicity of the presentation.
From fig. 3.3 and fig. 3.4 (left), the Ct prevalence have an almost linear response to
the intervention parameters, and the sensitivity at the current level of Check It intensity
is ranked as VBS ≈ EIT > EPT > rescreening. Moreover, when increasing the coverage of
VBS from 7·5% to 40% (fig. 3.4), the magnitude of the corresponding SI for EPT becomes
10 times larger (−0·117 vs. −0·017), which suggests that EPT would be more effective in
reducing the prevalence when having a high male-screening coverage.
We then conducted the global sensitivity analysis using the two most significant param-
eters from the local sensitivity analysis: VBS and EPT. The response plot for women’s Ct
prevalence (fig. 3.5) shows that the male-screening strategy has the potential to reduce the
Ct prevalence in women substantially, and it predicts the effectiveness under different com-
binations of intervention intensities. For example, the model estimates the combination of
VBS = 30% of the target men and EPT= 40% of their partners will give a 30% reduction
in Ct prevalence among women.
Figure 3.3: Local sensitivity analysis on Check It components (on the x-axis) against the Ct prevalence
(y-axis) at the current level of intervention intensity. Titles are the corresponding local sensitivity indices
Sq
p
(q = Ct prevalence, omitted for simplicity). The Ct prevalence are averaged over the time-frame year
4·5 ∼ 5·5 of 30 simulations.
4. DISCUSSION
Our model provided a framework for a public health team to ask “what if” questions
that are hard to evaluate in the field. Findings of our analysis suggest that, in addition to the
current female-screening intervention, the male-screening intervention, in conjunction with
the EPT and rescreening, has the potential to mitigate the Ct prevalence among women.
We estimated that by annually screening 7·5% of the target male population (AA, sexually
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Figure 3.4: Local sensitivity analysis on expedited partner treatment (on the x-axis) against the Ct prevalence
(y-axis). Left: the analysis at the current level of Check It intervention intensity, screening 7·5% of the target
male population. Together with the results in fig. 3.3, the significance of intervention components is ranked
as venue-based screening (VBS) ≈ expedited index treatment (EIT) > expedited partner treatment (EPT)
> rescreening. Right: the local sensitivity analysis at a much higher 40% male-screening rate while fixing
other intervention parameters. The magnitude of the sensitivity index is almost 10 times larger (−0·117
vs. −0·017), which suggests that the partner treatment is more important in reducing prevalence when
increasing the screening coverage in men.
Figure 3.5: Global sensitivity analysis of Ct prevalence in women (marked in contour lines) against two
intervention parameters: venue-based screening (x-axis) and expedited partner treatment (y-axis) on a uni-
form 5 × 5 grid. At each grid point, the Ct prevalence is averaged over the time-frame year 4·5 ∼ 5·5 of
10 simulations, and the contour surface is smoothed by a least-square fit of a two-dimensional quadratic
polynomial to the grid values. The baseline (VBS = 0%, EPT = 0%) and current intervention level (VBS
= 7·5%, EPT = 27%) are marked in red crosses, which gives a 8·1% reduction in women’s prevalence. To
achieve a 30% reduction in women’s Ct prevalence, the combined intervention levels needed are marked by
the dashed contour line.
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active young men, ageing 15 - 24), under the current implementation of Check It program,
the Ct prevalence is reduced by 8·1% and 8·8% in men and women, respectively. Our findings
also show that as the coverage of male-screening increases, the EPT becomes more effective
in reducing the Ct prevalence in women.
We aimed to consider a comprehensive picture of the current Ct epidemic and control
scenario, but we also recognised that mathematical models are a simplistic representation of
the real world. The uncertainty and bias in the model parameters and model assumptions can
affect the reliability of the quantitative predictions. Still, in our investigations, we found that
the relative ranking of the responses in the sensitivity analysis and the trend in prediction
pattern is robust and insensitive.
Many of our model limitations are associated with the scope of the survey data sets
collected from the target population. We described the sexual behaviour in this particu-
lar population through the sexual networks that are generated based on the survey data
of Check It and YGG in New Orleans. As detailed in appendix A.1.1, we matched the
degree distribution and degree-degree distribution in the obtained sexual networks, which
corresponds to a highly sexually active and high-risk population. We also considered the as-
sortative mixing of partnerships on demographic traits, such as age, ethnicity, social groups,
economic status, and geographic location, by embedding all the sexual networks in a grand
social network, which describes the daily activities of residents in New Orleans.
Although these data sets are from New Orleans, in many ways, they represent similar
cities that have high Ct rates (urban, southern, and largely impoverished AA community).
The same model could be applied for Ct transmission in other populations by adjusting
sexual network and model parameters. The quantitative results obtained in this study can
only be interpreted for other cities after carefully examining the differences between sexual
behaviour and assortative mixing patterns in two populations.
Moreover, we implemented the dynamic sexual networks for simulating the epidemic over
a long time. Every two months, we updated the sexual partnerships by replacing 50% of the
causal partner(s) by people from the same social contact network (details in appendix A.1.3).
We chose a period of two months since it’s the time frame covered by our Check It survey
data. Replacing 50% of the casual partners every two months is a modelling assumption.
Because of the lack of further data for the time between changing casual partners, we quan-
tified how sensitive our results are to this assumption and compared the simulation results
using different sets of parameters (appendix A.1.3). The numerical simulations show that
the lower sexual mixing (longer dynamic period or lower fraction in partner update) can
slow down the progress of the intervention, which leads to a longer time for Ct prevalence
to settle into a new and lower quasi-steady state. However, the final (asymptotic) reduction
in prevalence is relatively insensitive across different configurations that reflect different the
level of sexual mixing in the population.
The model didn’t consider the detailed immune responses for each individual during the
infection process. Instead, the model was fit to the prevalence using the transmissibility
parameters on the population level (βm2w and βw2m). This gives the averaged and constant
population-level approximations of the immunity levels for men and women. Also, we didn’t
incorporate the change in one’s susceptibility to infection after the natural recovery, where
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partial protective immunity of some degree may develop from a genital infection30.
Another limitation is that our model assumed no sexual behaviour change, that is the
dynamic partnership updating process preserved the total number of partnerships within
each two-month time frame. We also assumed that the frequency of sexual contacts remains
unchanged for the individuals before and after the Check It intervention program. We will
investigate the impact of behaviour change in future studies. These restrictions can be ad-
justed to predict the impact of behavior changes, such as reducing the number of partners,
would have on Ct prevalence.
We have modelled the epidemics and control on a closed population with no migration
in/out of the network. That is, we did not consider the movement of people in/out the
studying area, and no ageing effect: the same people stay in the age range 15-24, meaning
they will not become too old and be removed from the eligible age range, and no young
people will become 15 years old and come into the population. Thus, the model will only
be a good approximation for a limited time, and it is not suitable for simulations over a
long period. Our future research will improve the model by considering the ageing process
in the population and migration, so we can better quantify the impact of a male-screening
program in a more realistic setting.
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APPENDIX: NUMERICAL IMPLEMENTATIONS
A.1. Generation of dynamic sexual network
We modelled the sexual behaviour of the target population through a series of simulated
sexual networks, which were embedded in a grand social network. We characterised the
sexual network by using the data inputs from two studies in New Orleans: “You Geaux
Girl!” (YGG) and “Check It”, where African-American women and men were enrolled to
survey their sexual behaviour and complete an intervention process. The social network
was generated using Simfrastructure agent-based modelling and simulation system, which
simulated a population of 150,000 in New Orleans.
A.1.1. Degree and joint-degree distributions
We extracted the information of degree distributions (number of partners one reports)
and joint-degree distributions (number of partners one thinks his/her partner has) for women
and men from the YGG and Check It data sets. These distributions were then used to
generate sexual networks.
Based on the degree distributions from the self-reported data (see fig. A.1 first row),
we truncated the distribution at a maximum degree = 12 for men and max degree = 6 for
women. We then smoothed the extracted joint-degree distribution using LOESS with second
degree polynomials, which was implemented by fit (method = ‘loess’, span = 0·25) in
MATLAB. Lastly, we normalised the distribution to unity. Table A.1 shows the estimate
of the joint-degree table on a 5000 population size, where the (i, j) entry in the table gives
the total number of partnerships that exist between degree i women and degree j men on
the sexual network. Figure in table A.1 shows the smoothed surface of the two-dimensional
joint-degree distribution. We then recalculated the estimated degree distributions from the
updated joint-degree distribution, and we compared it with the reported ones in the second
row of fig. A.1. Overall, the estimated degree distributions still in good agreement with the
ones from the self-report data.
# of partners for men (degree of men)
1 2 3 4 5 6 7 8 9 10 11 12
women
degree
1 1102 608 273 109 42 29 15 6 5 4 6 6
2 425 163 100 34 14 14 2 1 1 3 3 3
3 77 57 52 32 17 6 2 1 2 2 0 1
4 17 16 20 13 2 2 0 0 1 0 0 1
5 0 3 14 0 3 7 2 0 0 0 0 1
6 6 13 15 8 2 2 0 0 0 0 2 0
Table A.1: Left Table: Joint-degree table for a population of size 5000. The entry at (i, j) location represents
the total number of partnerships between degree i women and degree j men in the sexual network. Right
Figure: Plot of the corresponding joint-degree probability distribution.
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Figure A.1: Degree distributions for the number of partners for men and women. Blue bars: self-report
data; Red bars: partner report data; Yellow bars: estimated distributions, which are used as model inputs to
generate sexual networks. Top row: original degree distributions for men and women; Bottom row: processed
degree distributions with cutoff at max degree = 12 for men and max degree = 6 for women, respectively.
A.1.2. Primary and casual partnership
We categorised the partnership into primary (long-term) and casual (short-term), where
the casual partners may be replaced every two months, which is the time frame that the
Check It survey asks about recent sexual behaviour, and the primary partners stay in the
sexual network.
For women, the YGG survey reported partner type as “main” and “casual”, thus, we
considered the main partner is our primary partner class. For men, the Check It survey has
several questions that characterise the relationship from different perspectives, including the
duration of partnership, where they met (school, neighbourhood, club, dating site, etc), the
best description of the relationship (girlfriend, wife, close friend, one-night stand), feeling
committed or not and level of closeness. For Check It data, there are in total 2052 partners
for 1318 men, and the partnership types were assigned using the following ordered criteria:
1. If the relationship is best described by an ex-girlfriend (n=234), someone who I might
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want to have a relationship with (n=70), one-night stand (n=136), someone I paid to
have sex with (n=10), internet hook up (n=14), or other (such as stranger, coworker
and random answers, n=55), refuse to answer, or don’t know on relationship type
(n=137) → casual partner.
2. If the relationship is best described by: girlfriend (n=596), wife (n=65) → primary
partner.
3. For other relationship types, including a good friend of mine, a friend with benefits,
someone I have sex with but not necessarily a friend:
(a) if consider oneself committed (n=54) → primary partner
(b) If reporting refuse to answer or don’t know on the duration of the sexual rela-
tionship (n=64), or times of vaginal sex in the past 2 months (n=15) → casual
partner.
(c) If times of vaginal sex ≥ 5 (n=133) → primary partner.
(d) If times of vaginal sex ≤ 1 (n=236) → casual partner.
(e) If times of vaginal sex 2− 4:
i. If the duration of sexual relationship greater than six months (n=54) →
primary partner.
ii. In the remaining undefined partners: if the level of closeness or strength of
your relationship (on a scale 1-10, 1 being not close or strong at all and 10
being extremely close) is greater than six (n=88) → primary partner.
iii. In the remaining undefined partners: if meeting with the partner before first
had sex with her at a club or other event and didn’t know her before (n=3),
meet her online through a dating site or social media (n=1) and other (party,
work, college, etc, n=3) → casual partner.
4. Among all the remaining undefined partnerships, if the man
(a) already has exactly one primary partner (25 men have exactly one primary partner
following the rules above), then consider all other partner(s) (n=26) → casual
partner;
(b) already has exactly two primary partners (four men have exactly two primary
partners following the rules above), then consider all other partner(s) (n=6) →
casual partner;
(c) (no more than two primary partners defined for all the men in Check It data)
(d) has exactly one partner, who is undefined (n=3), both the level of closeness is
less than two → casual partner;
5. all other undefined partners (n=49) → casual partner.
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We used our best guess to categorise each partnership based on the process described
above, and we summarised the resulting distributions in table A.2, which is not sensitive
to the perturbation of the classification criteria. For each table, the (i, j) entry gives the
fraction of degree i person who has exactly j primary partner(s), and the last column is the
accumulative probability for having at least one primary partner.
# of primary partners
1 2 3 4 ≥ 1
degree
of men
1 0·66 0 0 0 0·66
2 0·44 0·15 0 0 0·59
3 0·37 0·23 0·09 0 0·69
4 0·36 0·14 0·11 0·08 0·69
5 0·15 40·19 0·08 0·08 0·5
6 0·46 0·23 0·08 0 0·77
7 0 0·33 0 0 0·33
8 0·33 0·17 0 0 0·5
9 1 0 0 0 1
10 0 0 0 0 0
11 1 0 0 0 1
12 0·75 0·25 0 0 1
# of primary partners
1 2 3 ≥ 1
degree of
women
1 0·9 0 0 0·9
2 0·7 0·08 0 0·77
3 0·8 0·1 0 0·9
4 0 1 0 1
5 1 0 0 1
6 1 0 0 1
Table A.2: Distributions of the number of primary partners for men (left) and women (right): the (i, j) entry
gives the probability that a degree i man/women has (self-report) j primary partners. The last column gives
the accumulative probabilities for having at least a primary partner.
A.1.3. Dynamic sexual networks
Given the distributions estimated in appendix A.1.1 and appendix A.1.2, we could gen-
erate a sexual network embedded in the social network, that is on average, the individual
has a fraction p of the casual partners from his/her connected social network, and a fraction
1− p are chosen randomly from the rest of the 5000 population. Moreover, to simulate the
partner changing process in the population, we implemented dynamic sexual networks: every
two months, with 50% probability, the casual partners were replaced by either individuals
from his/her social network or the rest of the population. The fraction p was estimated from
the Check It survey data, which is p = 0·82.
We used two months for the partnership updates, since this is the time frame covered
by the Check It survey. The fraction 50% is an assumption, not backed by survey data. To
investigate the impact of these two parameters on the prediction, we ran simulations using
two sets of different parameters, as shown in fig. A.2. For all the simulations, we have cali-
brated the model using transmission parameters βm2w and βw2m to the current Ct prevalence
in men and women, as described in appendix A.3. By increasing the dynamic period and
decreasing the fraction of causal partner replacement, the sexual mixing in the population
is lowered. This also results in higher calibrated transmission parameters to match the same
baseline Ct prevalence. Also, due to the lower sexual mixing level, it takes much longer for
18
the program intervention to bring the epidemic down to a lower quasi-steady state. Overall,
the effectiveness of the intervention, measured by the amount of (asymptotic) reduction in
prevalence, is comparable to the baseline configuration and is relatively insensitive across
different levels of sexual mixing in the population.
Figure A.2: Dynamic sexual networks with different configurations. Left: configuration used in the model,
(50%, 2 months, βm2w = 0.3, βw2m = 0.1); Middle: (50%, six month, βm2w = 0.34, βw2m = 0.113); right:
(20%, two month, βm2w = 0.34, βw2m = 0.107). It takes five, eight, and twelve years for Ct prevalence to
achieve a lower quasi-steady state, respectively.
A.2. Chlamydia transmission SIS model over a dynamic sexual network
We updated the changes of infection statuses for the individuals daily, following the SIS
framework, where each individual is either susceptible (S) or infected (I).
A.2.1. Force of infection: S → I
On each day, we modelled the force of infection, the ability for the infected individuals
to spread Ct to their susceptible partners as follows:
Trasmission
or not
=
[
Prob. of having a sexual
contact per day per partner
]
·
[
Prob. of transmission
per contact
×
(
1−
Prob. of effective
condom use
)]
,
where each bracket gives a zero or one value with the specified probability contained inside.
From the datasets, we summarised the probability of having a sexual contact per day per
partner for men and women with different degrees in table A.3. This probability depends
on both how many partners the individual has (degree of men/women) and the type of
the partnership (primary or casual). In general, the probability of having contact with the
primary partner is higher than with the casual one.
The probability of effective condom use depends on two factors, the probability of con-
dom use and the probability of condom-use failure. From the data sets, we estimated that
the values for condom use for primary and casual partners are cp = 0·54 and cc = 0·66,
respectively. The condom use failure rate was fixed as cǫ = 0·1.
In the case of asymmetric primary-casual relationship, we modelled both the condom use
probability and the contact frequency as a compromise between the couple, and we took the
harmonic average of the values from two sides.
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Type of partnership
Primary Casual Mix-type
degree
of men
(Check
It)
1 0·14 0·06 0·11
2 0·11 0·06 0·08
3 0·12 0·05 0·08
4 0·18 0·06 0·11
5 0·15 0·04 0·07
6 0·07 0·03 0·05
7 0·08 0·03 0·04
8 0·04 0·03 0·03
10 0·03 0·02 0·02
11 0·03 0·02 0·02
12 0·07 0·06 0·06
Type of partnership
Primary Casual Mix-type
degree of
women
(YGG)
1 0·12 0·02 0·11
2 0·07 0·05 0·06
3 0·08 0·02 0·04
4 0·02 0·03 0·03
5 0·01 0·01 0·01
6 0·02 0·02 0·02
Table A.3: Probability of having contact per partner per day. For both tables, entries in row i give the
probability that a degree i person has sexual contact with a primary (column one) or casual partner (column
two), respectively. The last column gives the average probability of contact regardless of the partnership.
Lastly, the probability of transmission per contact (βm2w and βw2m) can have a wide
range in different scenarios. We considered the maximum likelihood estimates by solving a
nonlinear least square optimisation problem and matching the Ct prevalence to the current
prevalence in New Orleans (10·2% in men and 13·5% in women).
A.2.2. Temporary immunity: I → S
Meanwhile, the infected individual could recover (without lasting immunity) and become
susceptible again. The recovery could be due to either the natural clearance of the pathogen
or medical treatment. We modelled the time to recovery as exponential distributions with
different means (see the baseline values in table 2.1). We also assumed that no one recovers
naturally within the first three months of infection, which was incorporated as a shift in the
corresponding distribution.
Moreover, both natural and treated recovering process could be interrupted and start over
again if the individual has an infectious contact with the partner before fully recovered. The
natural recovery process could be updated as a treated recovery process once the individual
gets treatment, either from the enrolment in the Check It program (men), annual screening
(women), or screening due to symptomatic infection.
A.3. Model initialisation - balanced initial condition
We initiated the model to represent the current baseline Ct epidemic in New Orleans.
Since the distribution of the current infected population depends on the history of the Ct
epidemic, the initial infections are distributed across the sexual network as they would be as
part of an emerging epidemic (fig. A.3). To identify a physically relevant initial condition,
we started by an epidemic infecting a small fraction of the population at t = 0, and let
the infection be internally redistributed in time until a quasi-steady-state is achieved. We
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started with 8% of infections, and for most situations, the simulations took about fourteen
years. We then reset the time to be zero and use this infection status as the initial condition
for the rest of the simulations. We have infected 8% of the men and women with most sexual
partners initially to speed up the process, as they are more likely to be infected in a balanced
scenario.
Figure A.3: Generating balanced initial condition: start the initial infection in 8% of men and 8% of women
with the highest sexual degree, and a quasi-steady-state is achieved around year 14. We then reset the time
to be zero and use this infection status as the initial condition for the rest of the simulations. The background
lighter curves are the one standard deviation bands for 50 stochastic simulations, and the thicker curves in
the middle are the mean of the simulations. The standard deviation of the prevalence is 0·0092 and 0·0075
for women and men, respectively. We calibrate the model to fit the current prevalence from data, which is
10·2% in men and 13·5% in women.
A.4. Modelling annual screening for women
The Centers for Disease Control and Prevention recommends annual Ct screening for all
sexually active women younger than 25 as well as older women with risk factors, which is
a standard preventive strategy to identify most of the asymptomatic infections in women.
We considered this intervention strategy as part of the baseline scenario and implemented
a simple model to simulate the women’s annual screening process in practice.
We assumed that a fraction σwa of the women in the target population receives annual Ct
screening. In reality, most women return for screening following an annual routine schedule
(regular annual screening), and there is also a small fraction of women receive screening on
a casual basis (opportunistic screening). For the former case, we pre-generated an annual
screening schedule for the regular screening group. For the latter case, we randomly sampled
the opportunistic screening group from the rest of the women.
Figure A.4 presents the simulations at the initial calibration stage for two extreme sce-
narios: all the screened population belongs to one group: either the regular screening group
(left plot) or the opportunistic screening group (right plot). Two cases show similar trends
and prevalence at the quasi-steady state. We observed that the random screening case has a
significantly slower convergence to the quasi-steady state. The slower convergence is a result
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of random screening targets different populations from year to year rather than a fixed pop-
ulation and, therefore, it takes a longer time to converge to a stable status. In our model,
since there is no further information on the proportion of the population within each group,
we assumed that all the screenings belong to the regular screening group. Moreover, since
we only studied the Ct scenario after the quasi-steady state is achieved, the difference at the
initial convergence speed does not affect our conclusion.
Figure A.4: Modelling the annual Ct screening as a preventive strategy in women under two scenarios: a
constant population gets regular annual screenings following a fixed schedule (left), or randomly screen the
same number of women but different populations from year to year (right). The Ct prevalence for the random
screening case converges much slower to a quasi-steady state than the fixed annual schedule case.
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